Motivation: The prediction of transcription units (TUs, which are similar to operons) is an important problem that has been tackled using many different approaches. The availability of complete microbial genomes has made genome-wide TU predictions possible. Pathway-genome databases (PGDBs) add metabolic and other organizational (i.e. protein complexes) information to the annotated genome, and are able to capture TU organization information. These characteristics of PGDBs make them a suitable framework for the development and implementation of TU predictors. Results: We implemented a TU predictor that uses only intergenic distance and functional classification of genes to predict TU boundaries, and applied it to EcoCyc, our PGDB of Escherichia coli. To this original predictor, we added information on metabolic pathways, protein complexes and transporters, all readily available in EcoCyc, in order to generate an enhanced predictor. The enhanced predictor correctly predicted 80% of the known E.coli TUs (69% of the known operons), a moderate improvement over the original predictor's performance (75% of TUs and 65% of operons correctly predicted), demonstrating that the extra information available in the PGDB does indeed improve prediction performance. Performance of this E.coli -based predictor on a genome other than that of E.coli was tested on BsubCyc, our computationally generated PGDB for Bacillus subtilis, for which a set of 100 known operons is available. Prediction accuracy decreased substantially (46% of the known operons correctly predicted). This was due in part to missing information in BsubCyc, which prevented full use of the predictor's features. The augmented predictor has been implemented as part of our Pathway Tools software suite, and can be used to populate a PGDB with predicted TUs. Availability: The TU predictor is included in version 7.0 of the Pathway Tools software suite. Pathway Tools 7.0 is * To whom correspondence should be addressed.
INTRODUCTION
In prokaryotes, a cluster of contiguous genes transcribed from one promoter that gives rise to a polycistronic mRNA is called an operon. In this paper we differentiate operons, which by definition must contain multiple genes, from transcription units (TUs) , which can include one or more genes. Thus, in this context, an operon is a TU that includes more than one gene. Although the definitions of TU and operon often include the regulatory elements, like promoters and terminators, in this paper we work only with the genetic components of a TU, i.e. we define a TU by the gene or genes it comprises.
This work has three main objectives:
(1) To improve the science of TU prediction by using information available in EcoCyc, the Escherichia coli pathway-genome database (PGDB).
(2) To test the performance of the predictor on a genome from a different species (Bacillus subtilis).
(3) To implement and make available this predictor in the Pathway Tools software suite.
We first examine several reported TU prediction efforts, including the one used as the starting point for this work, and explain the characteristics of PGDBs that make them an ideal medium for the implementation of a TU predictor. We then describe the methods, algorithm and implementation of our predictor. The following section presents the obtained (Yada et al., 1999) Sequence information 100 -−/ 59% 2. Multiple (Craven et al., 2000) Multiple, including sequence information and gene expression 100* -−/68% 3. HMM (Tjaden et al., 2002) Gene expression data 100 63% −/-4. Probability (Ermolaeva et al., 2001) Conserved gene clusters across 34 genomes 35 92% −/50% 5. Graph analysis (Zheng et al., 2002) Metabolic information 54 -43%/− 6. Log likelihood (Salgado et al., 2000) Intergenic distance, functional class 100 88% 64%/75%
Performance is shown as sensitivity, i.e. fraction of known units (contiguous gene pairs, operons, TUs) correctly predicted. % applied (column 3): fraction of available test data on which the predictor can be applied. All predictors were tested on E.coli TU data. *Separated data into training and testing sets for 10-cross validation.
results, including the predictor's performance on both E.coli and B.subtilis data. Finally, results are discussed and future directions explored.
Prediction of transcription units
With more and more genome sequences available, the determination of properties at a genome-wide level has become an important issue. Knowledge of the organization of TUs in a given species provides significant support to the inference and determination of other levels of gene organization, both functional (like metabolic pathways) and regulatory (genetic networks). The organization of genes into TUs depends more directly on their 'spatial' ordering (i.e. genes' positions within a chromosome) than the other forms of gene organization just mentioned, but the spatial organization of genes is in part driven by functional and regulatory relationships, and thus knowledge of one level of genetic organization can provide important clues for inferring other organizational arrangements within a genome. Several methods for TU prediction have been proposed and implemented, involving different computational approaches and based on different input information. Some use statistical models [especially hidden Markov models (HMMs)] to predict complete or almost complete TUs, including coding regions, promoters and terminators (Yada et al., 1999; Craven et al., 2000; Tjaden et al., 2002) , whereas other methods only aim at finding clusters of genes that correspond to operons, without attempting to identify regulatory sites. Within this latter group, one approach concentrates on finding functional clusters of genes based on conservation of gene positions across different genomes (Ermolaeva et al., 2001) , some predictors rely on graph analyses of metabolic networks to find such functional clusters of genes (Zheng et al., 2002) through the determination of functionally related enzyme clusters (Ogata et al., 2000) , and another one, which this work is based upon, uses intergenic distance as the main feature in determining whether or not a pair of genes belong to an operon (Salgado et al., 2000; Moreno-Hagelsieb and Collado-Videe, 2002) . Table 1 shows the reported performances of these predictors. As explained earlier, we distinguish operons from TUs in the sense that operons are TUs composed of two or more genes. Notice that some predictors in Table 1 work on pairs of contiguous genes, i.e. the predictor tries to determine whether or not a given contiguous pair of genes belongs in the same operon. When a contiguous pair of genes is not classified as being within an operon, it then corresponds to a TU boundary, i.e. the first gene in the pair is the last gene in a TU, and the second gene in the pair is the first gene in the next TU. Having found all within-operon and TU boundary pairs of contiguous genes in a region, it is trivial to assemble those pairs into complete operons. Column 4 in Table 1 reports these predictors' performance (% correct) when classifying contiguous gene pairs as explained above.
Most predictors in Table 1 predict TUs or operons with 30-75% sensitivity (percentage of known TUs or operons correctly predicted), and gene pairs belonging to operons with 63-92% sensitivity. All predictors were tested on known transcriptome data from E.coli, mostly from the RegulonDB database (Salgado et al., 2001) .
Notice that predictors based on either gene clusters conserved across multiple genomes, or on metabolic pathway information can be applied only to those genomes for which the required information exists, such as to those genomes for which assignments of genes to metabolic pathways have been carried out. Note also that many genes are not related to any metabolic pathway, in the same way that many gene pairs or clusters are not conserved across genomes, preventing a prediction based on these attributes to be performed on such genes. This means that some predictors can be applied only to a fraction of all the genes in a region, i.e. the fraction for which the required information exists. For the rest of the genes, no prediction can be done. This is the reason underlying the column labeled '% applied' (column 3) in Table 1 . This column shows what percentage of the available data (i.e. what percentage of genes in a genome) can the predictor be applied to.
The limitation just described, as an example, turns a high gene-pair prediction sensitivity for predictor 4 into a lower sensitivity at the operon prediction level. That is, predictor 4 has a good performance predicting on contiguous gene pairs, but because it can be applied only to a fraction (35%) of all contiguous gene pairs in a genome, its performance when trying to predict entire operons decreases considerably, due to the lack of predictions on many gene pairs on which the predictor cannot be applied. The other predictors shown in Table 1 can be applied to any genes, and thus to the entire test data, so they show 100% in the '% applied' column.
The predictor based on intergenic distance (predictor 6 on Table 1 ) has the best performance, but it should be noted that it was tested on the same data used to construct it, so we are looking at 'training' performance, and have little idea about how the predictor will behave on entirely new data. Indeed, the best measure of a predictor is how well it 'generalizes', i.e. predicts on data different from the one used to train or construct it. Thus, we differentiate between the predictor's 'training accuracy'-which is a measure of how well the predictor has 'learned' its training data-and its 'generalization' or 'testing accuracy'-which shows how well the predictor performs on data it has never 'seen' before.
In this sense, Craven et al. (predictor 2 in Table 1 ) were the only group in Table 1 that tested their predictor's generalization performance, by using separate training and testing data in a 10-fold cross-validation test.
An interesting consequence of the variety of approaches and data sources used as input for the predictors is that they are complementary and can be used in combination, forming in effect a 'hybrid' predictor, in order to obtain improved prediction performance. When used in this way, coverage issues become less important: the hybrid predictor will take advantage of some of its components (e.g. a metabolicpathway-based predictor) only when the required information is available, as we will see in the Results section.
We used the intergenic-distance based predictor (No. 6 in Table 1 ) as the starting point for our work, because it has the best performance, and because it is the easiest to implement and expand. Moreover, it works on all the genes in a genome. Though the basic feature used by Salgado et al. for predicting TUs is intergenic distance, the predictor was augmented with functional class information, which improved its performance to that shown in Table 1 . Our approach is to take advantage of the wealth of information found in PGDBs in order to find other features that can be used to improve the predictor's performance.
BACKGROUND: PATHWAY-GENOME DATABASES AND THE PATHWAY TOOLS SOFTWARE
The Bioinformatics Research Group at SRI has developed the BioCyc Knowledge Library. BioCyc is a collection of PGDBs. Each PGDB in the BioCyc collection describes the genome and the metabolic pathways of a single organism, with the exception of the MetaCyc DB, which is a reference on metabolic pathways from many organisms.
PGDBs in the BioCyc collection combine experimentally derived genomic data, computational inferences and information obtained from literature curation efforts. All data are structured within a rich ontology that supports computational exploration. EcoCyc (Karp et al., 2002b) , our E.coli PGDB and the most complete one in BioCyc, contains the most extensive description of the genetic network of any organism, making it an ideal training and test site for the development of a TU predictor. Specifically, version 7.1 contains 777 operons, 121 transcription factors, 855 promoters and 1017 transcription-factor binding sites, all of which were experimentally determined. Note that these data are shared with the data in RegulonDB (Salgado et al., 2001) . E.coli processes that are described in particularly high detail include metabolic pathways, biochemical reactions and enzymes; two-component signal transduction pathways; transport proteins and transcriptional regulation of gene expression. All these processes are layered on top of the organism's genomic information, so that the PGDB becomes a higher-level annotated genome. Because the preceding processes are described in a computable form in the database, EcoCyc also provides a foundation for qualitative and quantitative systems analysis of E.coli, such as it is done in this work.
Indeed, the information contained in EcoCyc provides the researcher with many potentially useful features for TU prediction, starting with metabolic-pathway data, which has already been used with some success in this area, as shown in Table 1 . And all this information is stored in a form that allows for easy computation and implementation of such a predictor.
The Pathway Tools software suite was designed and developed in conjunction with the PGDB architecture. Pathway Tools includes software for creating, editing, querying and visualizing PGDBs, and is explained in greater detail elsewhere (Karp et al., 2002a) .
SYSTEMS AND METHODS

Data organization
We follow the nomenclature used by Salgado et al. (2000) . Our algorithm begins by partitioning the entire genome into directons. A directon is a set of contiguous genes that are transcribed in the same direction, and that are bounded on both ends by genes transcribed in the opposite direction ( Fig. 1) . Each directon is then split into gene pairs. A directon with n genes, (g 1 , g 2 , . . . , g n ), will produce n − 1 gene pairs:
. Gene pairs generated from a directon are called within directon (WD) pairs.
Using the TU information included in EcoCyc, a set of gene pairs can be labeled to form a training set. Gene pairs that reside within an operon are labeled within operon (WO) pairs, and gene pairs sitting at a boundary between TUs are labeled transcription unit boundary (TUB) pairs ( Fig. 1 ). Overlapping TUs are eliminated from the labeled dataset, as they will produce pairs that are at the same time WO and TUB, introducing noise into the labeled data. RNA TUs are also eliminated, as they seem to have different characteristics than protein-coding TUs. Salgado et al. (2000) used intergenic distance (in base pairs) as the main feature (prediction parameter) for their predictor. They found that the distance distribution of WO pairs differed from that of TUB pairs, and they generated the following formula for the log-likelihood that a gene pair is a WO pair:
Features and feature selection
where WO and TUB pairs are collected in 10 bp bins, according to their intergenic distance. So, N WO (dist) and N TUB (dist) correspond to the number of WO and TUB pairs whose genes are separated a distance dist, in 10 bp intervals (10, 20, 30 . . .); TN WO and TN TUB are the total number of WO and TUB pairs, respectively; and LL(dist) is the log-likelihood of a gene pair with intergenic distance dist being a WO pair. In other words, the WO log-likelihood for a given distance is equal to the fraction of known WO pairs at that distance divided by the fraction of TUB pairs at the same distance.
The second feature used in the predictor developed in Salgado et al. (2000) is the genes' functional classes, as defined by (Riley, 1993; Riley and Labedan, 1996) . Originally, Riley defined a hierarchical, three-level classification of genes into 120 functional classes, which was used by Salgado et al. In Salgado's work, two genes are considered to share the same functional class if the class assigned to each gene by Riley coincides at the second level, so, e.g. two genes with assigned classes 1.5.2.1 and 1.5.1.3 are considered to have the same functional class because they share the same secondlevel assignment 1.5. As with distance, a log-likelihood is computed, this time depending on whether or not the genes in a pair share functional classes. Notice that such log-likelihoods can be calculated only when both genes in a pair have an assigned functional class, which is true for only about half of the genes in the E.coli genome. Adding the log-likelihood corresponding to the genes' functional classes, whenever it can be applied, to that corresponding to the intergenic distance improved prediction accuracy (from 65% to 75% for TUs, and from 51% to 65% for operons) (Salgado et al., 2000) .
Implementing this feature is simple for EcoCyc, because this PGDB includes this functional class information for E.coli genes. In fact, EcoCyc includes an updated version of this classification, prepared by Serres and Riley (2000) . Instead of directly applying Salgado's approach to this updated classification, however, we analyzed it in order to assess the best way to compare genes based on functional class. This analysis indicated that because of the nature of Riley's classification system, constant reliance on equality at the second level of the hierarchy can lead to erroneous conclusions. Some functional classes, like 'type of regulation' (class 3) or 'location of gene products' (class seven) are not 'truly functional' classes as needed for the predictor: the fact that two proteins are located in the cytoplasm does not imply that they have similar functions or will lie within the same TU. For some classes, it makes more sense to go deeper down the hierarchy and consider two genes to share functional classes only if their classes coincide up to, say, level four. We analyzed each class to determine the semantically correct hierarchical level for use in comparing gene pairs.
To take advantage of the different types of information available in EcoCyc, we tested other features for their ability to improve predictions. These features explored additional relationships between the genes in a pair that could arguably be related to the genes belonging or not within the same operon. So, the complete set of features we studied was:
(1) The intergenic distance between the genes.
(2) Whether or not both genes belong to equivalent functional classes. (3) Whether or not both genes products are enzymes in the same metabolic pathway. (4) Whether or not both gene products are monomers in the same protein complex. (5) Whether or not one gene product transports a substrate for a metabolic pathway in which the other gene product is involved as an enzyme. (6) Whether or not a gene upstream or downstream from the gene pair (and within the same directon) is related to either one of the genes in the pair as per features 1, 2 and 3 above.
(7) The similarity in codon usage between the genes in a pair.
It should be noted that all these features can be easily assessed or computed from a PGDBs information.
Predictor architecture and development
We followed the architecture of the predictor in Salgado et al. (2000) . Using the known TU data in EcoCyc, labeled (WO and TUB) gene pairs were used to generate a table of log-likelihoods for each intergenic distance bin (in 10 bp intervals). The log-likelihood values for genes with the same, or different, functional classes were also calculated. Given a gene pair, the predictor calculates a log-likelihood of it being a WO pair by adding the distance-based log-likelihood to the functional class log-likelihood (when applicable). By comparing this value to a specified threshold, the gene pair is predicted to be a WO pair when its log-likelihood is above the threshold, and a TUB pair otherwise.
To find the appropriate threshold in Salgado et al. (2000) , the predictor's accuracy (calculated as the average of its sensitivity and its specificity) is calculated at different log-likelihood thresholds. The threshold that produces the highest accuracy is selected. We found some performance improvement by taking into account not only the average of sensitivity and specificity, but also their difference: when two different thresholds produced the same accuracy, the one for which sensitivity and specificity had more similar values resulted in better TU predictions.
In the case of single-gene directons, there are no gene pairs, but the prediction is trivial, as the directon corresponds to a single-gene TU (both neighboring genes are transcribed in the opposite direction). Thus, the TU predictor considers all single-gene directons as TUs.
For new features, the idea was to use them in the same way as done for functional classes, i.e. calculate appropriate loglikelihoods and add them to the global log-likelihood. But for some features that completely discriminated between WO and TUB pairs another strategy was devised: these features are checked before applying the log-likelihood predictor, and if the condition is true, then the gene pair is immediately classified as a WO pair. For example, having both gene products in a gene pair belong to the same protein complex is one of these features, so when a gene pair complies with this condition (both gene products in the same complex), it is instantly classified as a WO pair, without even applying the distancebased predictor. More details will be found in the Results section.
IMPLEMENTATION
The predictor is coded in Common Lisp, the language used in the development of our Pathway Tools software suite, and takes advantage of Pathway Tools functions for querying the PGDB. The predictor can generate TU objects for the predicted TUs and add them to the PGDB. Currently, the predictor works only on the entire genome, but it can easily be customized so that it predicts TUs on only a portion of it. The predictor is included beginning in version 7.0 of Pathway Tools (see http://bioinformatics.ai.sri.com/ptools/). A particularly exciting new addition in version 7.5 of EcoCyc and Pathway Tools (to be released in August 03) is the ability to associate evidence codes with information in the DB. These codes record the type of evidence that supports the existence of specific objects within EcoCyc. These evidence codes are shown as icons in a Pathway Tools object page. For instance, a flask icon in a TU page indicates that evidence from wet-lab experiments supports the existence of the TU. Similarly, a computer icon indicates that computational predictions support the existence of a given object in the PGDB. We have designed a system of 36 evidence codes that define subtypes of wet-lab and computational techniques for elucidating gene function, operons and metabolic pathways. The user can click on the flask or computer icons to view another screen that shows exactly what evidence codes support the existence of an object, and from what literature sources that evidence was reported. Our evidence system is an improved and expanded version of the Gene Ontology evidence system.
The TU predictor supports the use of these evidence codes. A TU object generated by the predictor will contain an evidence code that reflects the fact that the object was computationally predicted. A more specific evidence code is attached to those TUs that are predicted from single-gene directons, describing that particular form of TU prediction. Table 2 shows the details of the generation of labeled sets from EcoCyc to be used in the predictor's construction. Notice that the number of TUB pairs is greater than that of WO pairs. This disparity prompts using the average of sensitivity and specificity as a measure of accuracy (Salgado et al., 2000) .
RESULTS
Data organization
Feature selection and predictor construction
Both the distance-based and the functional-class-based loglikelihoods are used as in the original predictor in Salgado Metabolism of other compounds 0 2
Information transfer 1 5
Cell processes (motility, chemotaxis, energytaxis) 2 6
Cell structure 1 8
Extrachromosomal 1 For example, a comparison level of 1 for top class 1.1 means that functional classes are compared at level 1.1.X, and considered the same if X is equal for both genes, regardless of the following numbers. So, a gene with functional class 1.1.4.3 is considered to be in the same class as a gene with functional class 1.1.4.5.
et al. (2000) , but, as explained in the Systems and Methods section, the application of functional classes was revised. Table 3 shows the organization of the revised functional classes. Notice how some classes are compared at different levels, and that not all possible classes are considered. Indeed we excluded classes 3 (regulation), 4 (transport), 7 (location of gene products), 9 (DNA sites) and 10 (cryptic genes). This rearrangement produced a slight improvement in the predictor's performance over that of the predictor using the comparison criteria explained above (Salgado et al., 2000) , i.e. considering all classes and class coincidence at the second level. The log-likelihood of a gene pair being a WO pair when the genes share functional classes is 0.4918, and −0.6721 otherwise. Table 4 shows the analysis of some of the other features proposed in this study. Notice how the first three features can predict a pair to be WO with practically complete certainty when the condition they measure is true, although they have no predictive value when the condition is false. Indeed, as can be inferred from Equation (1), the log-likelihood for a true condition when no TUB pair has such condition is infinite (the formula's denominator goes to zero). The three conditions are false either when the condition is measurable but not true, or when the condition is not measurable. We decided to ignore these cases, and set these three features as explained in the Systems and Methods section, i.e. if they are true, the gene pair is immediately classified as a WO pair. If false, the loglikelihood predictor is used.
The last feature in Table 4 does have examples of both WO and TUB pairs where the condition holds true, so log-likelihoods were calculated. These log-likelihoods are added to the global log-likelihood in the same way as for functional classes. Notice that a false condition will have little effect on the global log-likelihood, as opposed to the true condition. Note also that the log-likelihoods change appreciably when no information on transporters is used (or available).
Codon usage was measured in two ways: (1) usage frequency difference between genes, measured as the average percent difference in usage frequency across all codons and (2) number of residues using the same codon in the two genes. The distributions of WO and TUB pairs along these features were very similar for all gene pairs, and provided little discrimination power. In fact, when used, these features degraded the predictor's performance, so they were discarded. Table 5 shows the performance of predictors constructed using different combinations of the selected features. Distance was always used, which makes all predictors applicable to the entire genome. Performance is helped by the fact that onegene directons are trivially classified as TUs (there is no other possibility), increasing the sensitivity of the predictor in this respect over that for operons.
All these predictors are applied to the entire genome, because all of them are based in the intergenic distance feature. Other features may not apply to all genes. Same-pathway and same-complex features were combined into one to reduce the table's size.
Notice how this combined feature and functional classes cause the greatest improvements in performance, especially at the TU/operon prediction level. Nevertheless, the best predictor in terms of sensitivity is the one using all the features (predictor 1 on Table 5 ). This predictor has a slightly but noticeably better performance over the predictor on which it is based (predictor 6 in Table 1 ). Thus, all the selected features contribute to improving the predictor's performance.
As explained in the introduction, these testing results are obtained on the same data used to construct the predictor (i.e. training accuracy). We show this training accuracy in Table 5 to facilitate comparison with the performance of predictors shown in Table 1 . Nevertheless, generalization performance was determined by cross-validation studies on gene-pair prediction, performed by partitioning the dataset into disjoint training and testing sets. The results of 4-fold cross-validation (i.e. using four different testing sets) were similar to the ones shown in Table 5 to within 2% points, so the generalization performance of the predictors shown in Table 5 is very similar to their training performance as shown in the table.
So, predictor 1, our best predictor, uses all selected features shown in Table 5 , predicting 69% of all operons in EcoCyc correctly.
Testing the predictor on a different genome
The cross-validation results from the last section showed that the predictors generalize well on unseen E.coli data. Moreno-Hagelsieb and Collado-Videe (2002) extended the analysis in Salgado et al. (2000) to other genomes, and found similar We analyzed each feature on known WO and TUB pairs. Log-likelihoods are calculated for each feature using Equation (1). Note that log-likelihoods are meaningless for the first three features, in which a true value for the feature means that the gene pair is WO (≈100% of gene pairs with a true value for the feature are WO). Log-likelihoods are calculated for the other features (last two columns). (Itoh et al., 1999) . That test involved the same procedure used for E.coli, namely, constructing a predictor using B.subtilis data and then predicting on that same data.
Their results supported the idea that intergenic distance is a useful feature for predicting TUs regardless of the genome. But the question remains as to how well a predictor based on one organism's data could generalize to other genomes. To answer this question, we applied the predictor implemented in this work to BsubCyc, the PGDB of B.subtilis. It is important to note that both the quality and availability of the required data on BsubCyc is below that from EcoCyc. EcoCyc is a curated database including only experimentally confirmed data, whereas BsubCyc was computationally generated using Pathway Tools. Also, BsubCyc does not include Riley's functional classes (it has another classification), nor structured descriptions of transport information that can be used by our method. So, in effect, the predictor applied to BsubCyc corresponds to predictor 10 in Table 5 . Table 6 shows the predictor's performance on BsubCyc. As all the 100 known TUs span two or more genes, we are dealing with operon predictions, corresponding to the last column on Table 5 . Thus, operon prediction sensitivity goes from 62% for E.coli (see equivalent predictor 10 in Table 5 ) to 46% in B.subtilis. Notice the low specificity on genepair predictions, meaning that the predictor had a high false positive rate. That is, many TUB pairs were predicted as being WO pairs. But the WO pairs were correctly predicted with a high sensitivity. This implies that the predictor is more sensitive than specific, so it is predicting too many WO pairs and thus failing to correctly determine the boundaries of TUs. This result implies that, although there are strong similarities in intergenic distance distribution across different genomes regarding WO and TUB gene pairs, as demonstrated in (Moreno-Hagelsieb and Collado-Videe, 2002), they are not necessarily strong enough so that a predictor constructed on the basis of a well-characterized genome, like E.coli, could be used to predict TUs on another genome with high accuracy.
A better approach is probably to train a B.subtilis predictor on B.subtilis training data. Indeed, results in (Moreno-Hagelsieb and Collado-Videe, 2002) suggest that such a predictor may have a performance on B.subtilis comparable to that of our E.coli-based predictor on E.coli data. Testing this approach is a matter of future research.
Although this sounds like predicting what is already known, we must take into account that, for most genomes, known TUs are but a fraction of the real TUs. So, a predictor built in this fashion will be able to predict new candidate TUs on a genome with reasonable accuracy. Perhaps this is the best strategy for this type of predictor, but this means it will be applicable only to genomes for which a fair percentage of TUs are known: otherwise, there will not be enough data to construct a predictor.
DISCUSSION
The prediction of TUs is still an incipient field, and high prediction accuracies are still difficult to obtain. But the combination of different approaches and data sources seems to be fruitful. Indeed, the predictor presented here could be augmented to use features like conservation of gene clusters across genomes (Ermolaeva et al., 2001) . In fact, the software developed in this work, being a part of Pathway Tools, has access to all 15 genomes in BioCyc. As Pathway Tools can load and work with gene expression data, this information, exploited in Tjaden et al. (2002) , could also be used to augment the predictor. Gene expression data has already been used in conjunction with the distance-based predictor (Sabatti et al., 2002) , both to validate and refine the predictions, with limited but encouraging results.
A more general predictor than the ones presented here could be constructed from known TU data from several genomes. A predictor like that would no doubt have better performance on uncharacterized genomes than a predictor based on just one species. This seems logical, given that intergenic distances were shown to relate to TU organization in the same way across different genomes (Moreno-Hagelsieb and Collado-Videe, 2002) . Still, if some TU information is available for a particular genome, a good approach would be to develop a predictor using the known data for that species, and to then predict candidates for the remaining TUs.
In any case, the implementation of our E.coli-based predictor as part of Pathway Tools provides a useful tool to obtain a preliminary view of the TU organization of a genome. As more knowledge is obtained, the TU organization stored within a PGDB can be modified by the Pathway Tools editors. These interactive editing tools can also be used to enter additional information about mechanisms of transcriptional regulation, such as locations of promoters, terminators and transcription-factor binding sites, and information about the molecular interactions between transcription-factors, their small-molecule ligands and the DNA sites to which they bind. PGDBs can thus encode a mechanistic description of the transcriptional regulatory machinery of microbial cells.
